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SHAPE ANALYSIS OF BRAIN VENTRICLES FOR IMPROVED CLASSIFICATION OF
ALZHEIMER’S PATIENTS

Jingnan Wang, Ahmet Ekin, and Gerard de Haan

Video Processing and Analysis, Philips Research, HTC 36, Eindhoven, The Netherlands

ABSTRACT

One of the hallmarks of Alzheimer’s disease (AD) is the loss
of neurons in the brain. In many cases, the medical experts use
MR (magnetic resonance) images to qualitatively measure the neu-
ronal loss by the shrinkage (atrophy) of the structures-of-interest, or
sometimes more easily by the enlargement of the uid- lled struc-
tures, such as the ventricles. For quantitative analysis, volume is
the common choice. Volume, or area in 2D, is a gross measure and
it cannot capture shape differences that can improve the diagnostic
accuracy. Because most existing methods use complex and dif cult-
to-reproduce shape descriptors, the experts prefer more easily and
robustly extractable area and volume in their diagnosis. In this pa-
per, we introduce several novel and easily-extractable 2D shape de-
scriptors for brain ventricle, and show that they and some of the
well-known simple shape descriptors, such as perimeter, are better
descriptors in the classi cation of AD patients and healthy controls.

Index Terms— shape descriptors, brain ventricle, Alzheimer’s
disease, correlation with cognitive tests, MMSE, classi cation, un-
paired t-test.

1. INTRODUCTION

Alzheimer’s Disease (AD) is the most common dementia and it ac-
counts for 50 to 70 percent of the cases [1]. AD af icts an estimated
5 million people in the US, and 12 million worldwide. Because age
is the primary risk factor, the demographic trend of aging population
will double these numbers by 2025. Although there is currently no
drug that can stop or prevent the disease, there are various symp-
tomatic drugs that relieve the symptoms and in some cases, slow
down the progress. Most of these drugs are effective only in early or
mid-stages of the disease making early detection essential.

Currently, the primary tests for AD diagnosis are cognitive tests.
Depending on the design, these tests measure various cognitive func-
tions, such as memory, attention, orientation, language, and learning.
The main appeal of these tests, such as mini-mental state examina-
tion (MMSE) [2], is their ease of administration, but the results can
be subjective and affected by patient’s mental and physical state at
the time of the test. In the diagnosis of AD, although cognitive test
scores are powerful, imaging is useful and required for various clin-
ical purposes [3]: 1) To eliminate other possible causes, such as
tumor, for the low cognitive score. 2) To con rm that the patient
does not have other forms of dementia, such as vascular and fronto-
temporal. 3) Because some patients, especially of higher education
and intelligence, are able to hide cognitive de cits in the tests for a
long time, image-based analysis can detect AD earlier by quantify-
ing the structural brain changes.

One of the structural changes occurring in the brain due to ag-
ing and AD is the enlargement of ventricles [4]. The ventricles are
lled with cerebro-spinal uid (CSF), a watery solution that provides

Fig. 1. Highlighted ventricles in the brain (left), an axial MR T2
slice of a healthy control (middle), and an AD patient with enlarged
ventricle (right).

physical and nutritional support to the brain. They enlarge at the ex-
pense of atrophy resulting from neuronal loss. In Figure 1, ventricles
are visible as central hyper-intense regions for a healthy control and
an AD patient. In clinics, the volume of ventricles is used qualita-
tively or quantitatively in the diagnosis of AD. Although shape of
several brain structures, including ventricles, have been shown to
provide more information than volume [5, 6, 7], the proposed shape
descriptors for ventricle require advanced processing with very con-
trolled parameters that hampers their widespread clinical usage. In
contrast, this paper investigates simple, easy-to-extract 2D shape de-
scriptors. In addition to known ones, such as perimeter and shape
signature, we propose novel ventricle shape descriptors that should
be even more easily extractable than area or volume. We compare
these descriptors with area in two tasks: 1) Correlation with cogni-
tive scores, and more importantly, 2) Classi cation of AD patients
and healthy controls. For the latter, our results indicate that some
of the simple shape descriptors provide superior results to area. In
the next Section, we explain the commonly used and the proposed
novel shape descriptors. To extract the proposed descriptors, 2D
slices should be selected from 3D data. We describe that process in
Section 3. In Section 4, we provide results in correlation and classi-
cation tasks, and nally, in Section 5, we draw conclusions.

2. SHAPE DESCRIPTORS

In this section, we rst de ne the simple 2D shape descriptors that
we use, such as perimeter, circularity, and eccentricity, and introduce
several novel descriptors particularly tailored to brain ventricles. All
descriptors are extracted from a binary ventricle map that is com-
puted in the pre-processing stage, which is not the focus of this pa-
per. Figure 5 shows the key-steps of the extraction. Given any MR
data, we rst register it to a common coordinate system, and then,
extract the CSF region by using a clustering-based segmentation al-
gorithm with k = 3 clusters (background, CSF, and combined white
and gray matter). From the CSF map, we extract the 3D ventricle
map by using spatial (brain atlas) and morphological constraints. In
the following, we rst start with area-derived descriptors.
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Fig. 2. Extraction of 3D ventricle map: an axial MR T2 slice (left),
the corresponding CSF segmentation map (middle), the ventricle
segmentation map extracted from the CSF segmentation map by us-
ing some spatial and morphological constraints (right).

• Area: Area is the simplest and the most natural property of
a binary image. It is equalt to the number of object pixels.
We rst calculate the area of each object as a whole. Further
we divide the object into four major parts(top left, top right,
bottom left, bottom right) along the horizontal and vertical di-
rections with the centroid as the center and do the calculations
respectively.

• Perimeter: Perimeter is calculated from the number of bound-
ary pixels of the closed binary image.

• Circularity: Circularity represents how closely-packed the
shape is. This feature is calculated with Eq. 1 [8]. The
most compact shape is circle (4π). All other shapes have a
compactness larger than 4π.

Circularity =
Perimeter2

Area
(1)

• Eccentricity: There are several ways to de ne eccentricity.
Here we use the ratio of the length of the longest chord of the
shape to the longest chord perpendicular to it.

• Elongation: The ratio of the height and the width of a rotated
minimal bounding box. In other words, rotate a rectangle so
that it is the smallest rectangle in which the shape ts. Then
compare its height to its width.

• Rectangularity: Rectangularity shows how much the shape
lls its minimal bounding box. It is de ned as the ratio of the
area of an image object and the area of the minimum bound-
ing rectangle (MBR) [9] as in Eq. 2. The maximum value is
one and is achieved by a solid rectangle.

Rectangularity =
Areaimage

AreaMBR
(2)

• Axis Shape Descriptors: Here we propose our novel shape de-
scriptors. There are four important corner points on the brain
ventricle shape (Figure 3, left), that is the top left point (point
A), top right point (point B), bottom right point (point C) and
bottom left point (point D). By connecting opposite pairs of
the corner points, we create two axes. We name d(A, C), that
is the distance between A and C, and d(B, D) as wing spans.
We also calculate corner to center distances, that is d(A, G),
d(B, G), d(C, G) and d(D, G) respectively. Another axis
shape descriptor is the minimum thickness. Let (AD) be the
set of points on the shortest contour between corner A and
corner D (the contour not passing B and C) and (BC) be the
point set on the shortest contour between corner B and cor-
ner C (the contour not passing A and D). Then the minimum

thickness can be de ned as follows:

Minimum Thickness = min(d(P1, P2))

where ∀P1 ∈ (AD), ∀P2 ∈ (BC)

• Mean Signature Value: A signature is a 1-D functional repre-
sentation of a boundary and may be generated in various ways
[9]. In our case, we plot the function z(i) as the distance from
each boundary pixel to the centroid, where i stands for the ith
boundary pixel starting with the corner point A and follows
clockwise direction (Figure 3). Based on this, we then take
the mean value for each object.

Fig. 3. Illustrations of the signature map: Brain ventricle shape
marked with four corner points A, B, C and D and the centroid G
is highlighted in the center (left), the corresponding signature map
starting with the corner point A on the boundary and follows the
clockwise direction (right).

• Boundary Moments: Assuming the shape boundary has been
represented as a shape signature z(i), the rth momentmr and
central moment μr can be estimated as [8]

mr =
1

N

N∑

i=1

[z(i)]r and μr =
1

N

N∑

i=1

[z(i)−m1]
r, (3)

where N is the number of boundary points. Less noise-
sensitive shape descriptors can be obtained using the follow-
ing representations:

F1 = (μ2)
1/2/m1 (4)

F2 = (μ3)/(μ2)
3/2 (5)

F3 = (μ4)/(μ2)
2 (6)

3. SLICE SELECTION

The shape descriptors de ned in Section 2 are extracted from 2D
ventricle segmentation maps. Brain MR scans are acquired in 3D;
hence, the selection of the 2D slice(s) for processing is an impor-
tant step and is discussed in this section. In the slice selection, we
consider two issues: 1) Whether the ventricle area computed from
a selected slice is highly correlated to volume for a large number of
patients and 2) If our assumptions, explained below, about the shape
descriptors hold for the selected slice and whether we can accurately
extract the descriptor.

To measure the effect of area in slice selection, we have analyzed
ventricle segmentation maps from 128 patients registered to a com-
mon coordinate system. For each slice, we have computed the cor-
relation between the area and volume, which has been calculated as
the sum of the brain ventricle area of all slices for the corresponding
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patient. In each slice, we have 128 (area, volume) pairs, one pair
for each patient. We have expected that if area descriptor is reliable
to use, then, it should have high correlation between area and vol-
ume for the selected patient population. Figure 4 shows the sample
slices with visible ventricle. In all slices showing ventricle, the min-
imum correlation value has been computed to be greater than 0.98,
as shown in Figure 5. We conclude that area computed from most of
the slices showing ventricle can replace the ventricle volume.

For the computation of shape descriptors, the assumptions for at
least one of the descriptors are: 1) the ventricle forms one connected
region, and 2) the four corners should be identi able. These assump-
tions eliminate some of the slices from consideration. The two slices
from the top-left and the two slices to the bottom-right do not satisfy
the two assumptions. Except for these four slices, any other slice can
be used for shape descriptor extraction.

Fig. 4. Axial slices where lateral ventricle appears. The direction
from top-left to bottom-right indicates the direction from the bottom
of the head to the top. Area has high correlation with volume for all
slices. For shape descriptors, any slice except for the two slices from
both top-left and bottom-right can be used.

Fig. 5. Correlation values between area and volume for the central
eight selected slices in Figure 4.

4. RESULTS

In this section, we compare the performance of all the other shape
descriptors with area descriptor in two tasks: 1) Correlation with
cognitive test score, and 2) Classi cation of AD patients. Our rst
dataset consists of T2MR scans of 128 subjects (the same set that we

use for the area-volume correlation experiment in Section 3), which
are acquired on a Philips Intera 1.5T whole body scanner at Leiden
Univ. Medical Center with parameters (TR/TE: 3000/120 ms, FLIP:
90, 220mm FOV, 3mm slice thickness, no slice gap and 256x256
matrix), with MMSE scores (mean 22.5, standard deviation 5.87) but
without AD diagnosis. Figure 6 shows several samples of the rst
data set. Our second set includes MR data of 10 patients (age: 70-80)
with moderate AD diagnosis and 10 age-matched healthy controls.
We use the rst set for correlation analysis, and the second for clas-
si cation.

Fig. 6. Sample slices of the rst dataset

4.1. Correlation with Cognitive Test Scores

The performance of each shape descriptor is evaluated by the corre-
lation value (r) between the feature extracted and the corresponding
MMSE scores. The correlation coef cient indicates the strength and
the direction of a linear relationship between two sets of variables.
The performance results are presented in Table 1. The results show
that, although there are some slight uctuations in different regions,
area descriptors generate higher correlation values than most shape
descriptors. A notable exception is our novel minimum thickness
descriptor, which resulted in slightly higher correlation value than
that of area. Among the shape descriptors, mean signature value
and perimeter have also resulted in close correlation values to those
of area descriptors. Regarding the axis shape descriptors, they give
good correlation results except for the corner to center DG which
shows an unusual low correlation value.

Table 1. Correlation Testing Results
Descriptor r Descriptor r
Minimum Thickness -0.37 Eccentricity -0.20
Whole Area -0.34 Corner to Center AG -0.18
Top Left Area -0.33 Moment F2 -0.18
Bottom Left Area -0.32 Wing Span AC -0.17
Bottom Right Area -0.32 Corner to Center BG -0.17
Top Right Area -0.29 Corner to Center CG -0.16
Mean Signature Value -0.27 Circularity 0.16
Perimeter -0.24 Wing Span BD -0.14
Moment F1 0.24 Elongation 0.14
Rectangularity -0.23 Corner to Center DG -0.09
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4.2. Classi cation of AD Patients and Controls

We have measured the performance of the shape descriptors in the
classi cation of moderate AD patients and healthy controls. To this
end, we have used the second dataset having 10 AD patients and
10 age-matched healthy controls (HC). In this task, we haven’t ex-
plicitly designed a classi er, instead, computed the signi cance of
the difference of the means of the AD and HC groups for each de-
scriptor with the unpaired t-test. The unpaired t-test is applicable to
groups that are not paired. None of the AD patients is related to the
subjects in the HC group. When the test is applied, a signi cance
value, p-value, is computed. The p-value is the probability of ob-
taining a result at least as extreme as a given data point under the
null hypothesis. The lower values of p are desired.

In Table 2, we provide the statistics for several promising shape
descriptors, including area, perimeter, mean signature value and axis
shape descriptors. Differently from the correlation with cognitive
tests, mean signature value gives the best classi cation ability and
axis shape descriptors, bottom left wing length especially, also show
good performances. This is in line with our expectations as the pos-
terior lobe of ventricles show more variation than the anterior lobe,
whose shape is more consistent across pathologies.

Table 2. Classi cation Testing Results
Descriptor AD(mean±std) HC(mean±std) P Value
Mean Signature Value 40.76±1.14 39.56±1.45 0.028
Minimum Thickness 11.20±5.01 7.10±4.09 0.030
Corner to Center DG 47.52±2.12 45.33±2.81 0.032
Perimeter 320±25.25 299.4±29.31 0.055
Whole Area 1862.7±319.37 1563.4±507.24 0.066
Corner to Center CG 47.50±2.95 45.22±3.47 0.066
Wing Span BD 93.02±4.45 89.63±4.94 0.067
Wing Span AC 94.83±5.58 91.39±5.53 0.091
Corner to Center BG 46.43±2.46 45.10±2.37 0.116
Corner to Center AG 47.52±2.75 46.40±2.10 0.159

5. CONCLUSION

In this paper, we have introduced several novel and easily-computable
shape descriptors for brain ventricle as alternative to commonly-used
area measure. We have intentionally chosen simple 2D descriptors
because more complicated shape descriptors usually require many
parameters to be ne-tuned and may not be easily reproducible. That
prevents their widespread adoption in clinical usage. To compare the
shape descriptors with area, we have measured their performance in
correlation with cognitive scores, and classi cation of AD patients
and normal controls. We have also analyzed the effect of slice se-
lection in our results and de ned a region-of-interest where we can
select the slices to extract the proposed shape descriptors.

Correlation testing results have demonstrated that minimum
thickness and area have the highest correlation to cognitive test
scores, measured by MMSE. Mean signature value also gives much
information about the brain ventricle status since it is derived from
the average value of the distance from the centroid to each boundary
pixel. To some extent, this de nition is in line with that of area.

In the classi cation task, we have investigated the differences
of the means between the two groups by the unpaired t-test. In the
classi cation, shape descriptors have shown more promise. Mean
signature value, one of the axis descriptors, minimum thickness and
perimeter have shown superior results to area. A result worth men-
tioning is that the upper part and lower part of the ventricle shape in

the axial plane differ greatly in their classi cation ability. This is in
line with our expectations. We have found the lower part (posterior
lobe of ventricle) more descriptive of the disease.

With respect to extraction, we have found that only perimeter
has a major disadvantage because of its sensitivity to noise. Conse-
quently, the quality of the testing data sets will affect its behaviour
greatly.

Based on the testing results, we conclude that mean signature
value, axis descriptors (for posterior lobe), minimum thickness, and
perimeter can be alternatives to area because of their low computa-
tional complexity as well as good ventricle shape representation and
classi cation ability. As a future work, we are planning to con rm
this result in a larger dataset.
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